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Patient classiﬁcation systems (PCSs) are commonly used in nursing units to assess how many nursing
care hours are needed to care for patients. These systems then provide stafﬁng and nurse–patient assign-
ment recommendations for a given patient census based on these acuity scores. Our hypothesis is that
such systems do not accurately capture workload and we conduct an experiment to test this hypothesis.
Speciﬁcally, we conducted a survey study to capture nurses’ perception of workload in an inpatient unit.
Forty ﬁve nurses from oncology and surgery units completed the survey and rated the impact of patient
acuity indicators on their perceived workload using a six-point Likert scale. These ratings were used to
calculate a workload score for an individual nurse given a set of patient acuity indicators. The approach
offers optimization models (prescriptive analytics), which use patient acuity indicators from a
commercial PCS as well as a survey-based nurse workload score. The models assign patients to nurses
in a balanced manner by distributing acuity scores from the PCS and survey-based perceived workload.
Numerical results suggest that the proposed nurse–patient assignment models achieve a balanced
assignment and lower overall survey-based perceived workload compared to the assignment based solely
on acuity scores from the PCS. This results in an improvement of perceived workload that is upwards of
ﬁve percent.
 2015 Elsevier Inc. All rights reserved.1. Introduction and background
The rising costs of healthcare and prevalence of medical errors
compel the healthcare industry to more closely scrutinize the cost
structure of its operations. To that end, human factors engineering
and operations research methods have been widely applied to
healthcare to address safety and cost/efﬁciency problems [1,2].
Approximately 40% of healthcare personnel cost belongs to nursing
[3]. Further, according to the Bureau of Health professions, the
shortage of full-time equivalent registered nurses is expected to
exceed 800,000 nurses by the year of 2020 [4]. Therefore, it is
important to focus on the work environment of nurses to improve
their job satisfaction and retention, and thereby decrease health-
care cost by increasing efﬁciency. As reported by Battisto et al.
[5], the reasons why nurses leave their current jobs include safety
concerns, performing complex job responsibilities such asmedication administration, navigating documentation systems,
working in an inefﬁcient environment, and musculoskeletal inju-
ries. In a survey conducted [6], 74% of nurses highlighted stress
and overwork as a main concern while 62% emphasized muscu-
loskeletal injuries. Ebright et al. [7] claim that 83% of nurses agree
that improving nurses’ environment and workload promotes nurse
retention.
Though lacking a universally accepted deﬁnition, workload is
generally considered to be a measure of the relationship of the
amount of resources demanded by a task situation – the ‘‘de-
mands’’ – to the amount of resources a person has available to
complete the task – the ‘‘capacity’’ [8]. Workload can include men-
tal components, which are largely related to a workers’ attention
capacity and information processing and time demands of a task.
Or, workload can be deﬁned primarily as a physical construct relat-
ing strength, endurance, and postural demands of a task to energy
capacity and biomechanical features of the worker [8].
Current legislative mandates (e.g., California Bill AB 394), that
deﬁne ﬁxed nurse-patient assignment ratios, are criticized by prac-
titioners and researchers because they fail to account for acuity
levels of patients and result in unbalanced distribution of workload
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improve the work environment is much desired. Incorporating
information from such analyses into decision support tools and
optimization models would result in improved work schedules
and conditions and more balanced distribution of workload among
nurses.
While assignment is among the classical optimization prob-
lems, nurse–patient assignment has not been extensively studied
in the operations research literature. On the other hand, nurses
scheduling or rostering problems [10–13] and nurse budgeting
have been widely studied to reduce costs and improve working
conditions and therefore satisfaction of nurses [14]. The ultimate
aim of nurse scheduling problems is to assign nurses to certain
shifts to decrease healthcare stafﬁng cost, negative patient out-
comes, and improve nurse satisfaction [15]. Other work has
focused on identifying appropriate nurse–patients ratios with an
aim to ameliorate nurses’ work condition and improving quality
of patient safety and care [16,17,9,18,19].
Stafﬁng is an important tactical decision to ensure sufﬁcient
number of nurses are scheduled to care for patients. However,
stafﬁng models do not inform nurse manager how to distribute
workload among nurses in an equitable manner on a given day.
Patient census and associated workload change dynamically.
Therefore, nurse–patient assignment models are needed as daily
decision support tools. Several approaches have been used to eval-
uate and improve nurse patient assignments such as simulation
[14]; simulation-based optimization [20]; heuristic policies [20];
mixed-integer programming models [21]; stochastic programming
[22]; and integer linear programs [3].
Many of these previous studies and approaches aim to equitably
distribute, or balance, workload as a function of patient character-
istics or acuity measures while assigning patients to nurses.
However, workload varies by individual based on a given nurse’s
capacity for dealing with a speciﬁc set of demands. Therefore, for
a given patient characteristic or acuity level, the workload will vary
depending on nurse characteristics. For example, a nurse may have3
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numbers associated with each nurse; the ﬁrst representing the total acuity score and thmore experience with surgery patients and be more comfortable
handling such patients, whereas another nurse might prefer caring
for patients with different indicators. Further, because patient acu-
ity levels are based on a set of indicators representing different
types of care demands, two patients having exactly the same clas-
siﬁcation by PCS, patient acuity classiﬁcation might result in very
different perceived workload for an individual nurse. Existing tools
and approaches for supporting patient-assignment decisions fail to
account for variations in nurse capacity and response to work
demands and are therefore somewhat limited in their application
to a speciﬁc set of staff. For instance, consider the beginning of a
shift, where a charge nurse is responsible for assigning nurses to
patients in the current census [23]. Consider the hypothetical
assignment situation illustrated in Fig. 1. Both assignments are
perfectly balanced in terms of distributing objective acuity scores
from the PCS (i.e., each nurse is assigned the same amount of acu-
ity). However, Assignment II signiﬁcantly lowers the perceived
workload for most nurses. In this section we develop optimization
models that minimizes average perceived workload while simulta-
neously ensuring that assignment is balanced both in terms of
objective acuity metrics as well as perceived workload. These mod-
els can be run at the beginning of a shift to aid a charge nurse to
make initial assignments. The proposed methods can also be read-
ily extended to update assignments periodically during a shift to
account for dynamic changes in the patient census.
The overall aim of this work was to address this gap through the
following objectives: (1) identify the associations between patient
acuity indicators from a commercial patient classiﬁcation system
and individual nurses’ perceived workload; (2) develop a function
to characterize the associations between existing patient acuity
measures and individual nurse perceptions; and (3) develop and
evaluate a more comprehensive workload balancing nurse–patient
assignment optimization model accounting for both objective
(patient acuity metrics) and subjective (nurse perceptions of work-
load) factors. To achieve these objectives, a survey study was con-
ducted with nurses from oncology and surgery nursing units at an3
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survey were used to formulate a perceived workload function. This
function was used to develop a new workload balancing model,
which was then evaluated through comparison to a traditional
workload model based solely on acuity scores from a commercial
patient classiﬁcation system.41
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Fig. 2. Weekly average SPAIW for oncology and surgery nursing units.2. Materials and method
2.1. Patient acuity data
Patient classiﬁcation systems (PCS) have been widely used to
determine how many nursing hours a patient needs for his/her
care [24] and help managers to estimate the required number of
nursing staff and to accurately determine nurse–patient ratios
[25]. PCS are also beneﬁcial for improving patient outcomes, con-
trolling budget, and nurse retention [25]. As such there are a num-
ber of commercial PCS available.
AcuityPlus is one such system developed by the QuadraMed
Corporation [26]. Methodology used in AcuityPlus has been vali-
dated across multiple institutions and over several years [27–30].
AcuityPlus classiﬁes patients into one of six types based on sum
of weights associated with each patient acuity indicator (SPAIW).
The weights associated with patient acuity indicators and the
ranges by which the patient are classiﬁed are determined through
extensive surveys and data analysis [26,27]. There are several
patient acuity indicators available in AcuityPlus. The indicators
are proprietary; therefore we only list the general categories of
these indicators: activities of daily living; cognitive support; com-
munication support; emotional support; safety management;
patient assessment; injury or wound management; observational
needs; and medication preparation. For more details on the acuity
indicators and QuadraMed’s inpatient classiﬁcation system, the
reader is referred to [31,32]. A nurse classifying a patient answers
yes or no to each acuity indicator question such as ‘‘Does the
patient need observation for fall risk?’’ Detailed information about
the deﬁnition and examples of appropriate and inappropriate
applications of patient acuity indicators can be found in the user
manual of the AcuityPlus system [26].
The patient acuity data set was obtained from the oncology and
surgery nursing units in an academic medical institution in the
Midwestern United States, for all patients from January 1, 2013
until April 9, 2013 (2865 patients who stayed in the oncology nurs-
ing unit and 3241 patients who stayed in the surgery nursing unit).
The institution has been using the AcuityPlus patient classiﬁcation
system for about twenty years for managing nursing resources.
Table 1 lists the available patient information recorded in the
AcuityPlus dataset.
Fig. 2 shows that the average SPAIW changes from week to
week in the surgery and oncology nursing units. This implies that
the mean patient acuity is different between these two nursingTable 1
Patient information recorded in the AcuityPlus dataset obtained from an academic
hospital in the Midwestern US.
Field name Data type
Nursing Unit Text
Arrival Date Date & Time
Sum of Patient Acuity Indicator Weights (SPAIW) Number
Patient Type Integer
Room Text
Patient Acuity Indicator 1 Binary
Patient Acuity Indicator 2 Binary
..
. ..
.
Patient Acuity Indicator 26 Binaryunits. Fig. 3 shows the percentage of patients having a speciﬁc acu-
ity indicator; again, the frequency and distribution of patient acu-
ity indicators are very different for the two nursing units.
Table 2 provided initial motivation for this work. As can be seen
in the table, patients with the same or close patient types and
SPAIW can have different patient acuity indicators. For example,
two patients were admitted to the oncology nursing unit on the
ﬁrst day of January (the top two rows in Table 2). Their patient type
(3) and SPAIW (42) are exactly the same. However, the ﬁrst patient
has patient acuity indicators 2, 5, 14, and 19 while the second one
has indicators 2, 9, 14, and 19. The ﬁrst patient has indicator 5,
which implies that the patient needs assistance of 2–3 caregivers
during activities of daily living. The second patient has indicator
9, which indicates that the patient needs behavior/emotional man-
agement. These two indicators require very different nursing care
and nurses might have very different perception as to how each
patient acuity indicator impacts their workload (see Section 2.2).
Table 2 shows several similar examples, which clearly show that
simply using patient type or SPAIW when assigning nurses to
patient may not be ideal.
2.2. Survey-based perceived workload
To identify individual nurse perceptions of workload, a survey
study was conducted with all nurses in the selected surgery and
oncology units. Approximately 56 nurses were recruited to partic-
ipate through email. 45 nurses completed the survey (25 from the
oncology unit and 20 from the surgery unit) for an 80% completion
rate. Nine nurses had partially missing data and were therefore
removed from the survey data set, resulting in a ﬁnal data set
based on responses from 36 nurses (23 from the oncology nursing
unit, 13 from the surgery nursing unit). Prior to any survey data
collection, the study was approved by the local Institutional
Review Board.
The survey was comprised of seven questions (see Appendix A).
The ﬁrst ﬁve questions captured nurse demographic and work
experience, including age, gender, experience level, the highest
educational degree, and the nurse’s primary work unit. In the
remaining questions nurses were asked to rate the impact of
patient acuity indicators on their perceived workload. Ratings were
provided on a six-point Likert scale, ranging from 1 = no impact on
workload to 6 = extreme impact on workload (Table 3).
Based on the responses of an individual nurse to the survey
questions, we calculate how much their perceived workload
increases when a patient is assigned by simply adding the scores
from the survey for each indicator that the patient has. According
to this workload model, which we referred to as survey-based
workload or perceived workload in the remainder, the same
patient might result in very different workload proﬁles for differ-
ent nurses. This is very different from using the acuity metrics
010
20
30
40
50
60
70
80
90
100
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26
%
of
 p
at
ie
nt
s w
ho
 h
av
e 
a 
sp
ec
ifi
c 
in
di
ca
to
r
Indicator Index
Oncology
Surgery
Fig. 3. Percentage of patients who has a speciﬁc patient acuity indicator in different nursing units.
Table 2
Example of patients that have the same acuity score but very different acuity indicator distributions.
Unit Date Sum of patient acuity
indicator weights
Patient type Patient acuity indicators
2 3 4 5 6 7 9 11 12 14 15 18 19 20 23 25 26
Oncology 01/01/13 42 3 U U U U
Oncology 01/01/13 42 3 U U U U
Surgery 01/29/13 44 3 U U U U U U U
Surgery 01/30/13 44 3 U U U U U
Table 3
Six-point Likert scale used in nurse workload survey.
1 No impact on workload
2 Slight impact on workload
3 Some impact on workload
4 Moderate impact on workload
5 High impact on workload
6 Extreme impact on workload
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the nurse–patient assignment process because these acuity metrics
are ﬁxed for a given patient regardless of which nurse cares for that
patient.
2.3. Statistical analysis of survey data
The acuity metrics (e.g., patient type) used in the AcuityPlus PCS
are validated periodically through rigorous data analysis at various
hospital centers [27–30]. Therefore, one way to validate our survey
results is to analyze the relationship between average
survey-based workload with acuity metrics (e.g., patient type) used
in the AcuityPlus PCS through a regression analysis (see
Section 3.2). We also analyze if there are signiﬁcant differences
between individual nurses how they perceive their workload
increases for different patient acuity indicators (see Section 3.1).
2.4. Performance measures
The following performance measures are used to analyze the
quality of a nurse–patient assignment. For each measure, we give
a detailed description and why its minimization is desired.
1. Difference between Max and Min SPAIWs (MaxMinSPAIW): Recall
that SPAIW, described in Section 2.1, is a acuity metric used in
the AcuityPlus PCS. As mentioned before, this acuity metric is
ﬁxed for a given patient regardless of which nurse cares for
(i.e., is assigned to) that patient. In other words, it is a
population-based measure. Therefore, in most of the nurse–pa-
tient assignment models described below, we minimize thedifference between the maximum and minimum SPAIWs
assigned to nurses so that patients are assigned to nurses in
an equitable manner (i.e., total SPAIWs assigned to nurses are
as close to each other as possible). We refer to a nurse–patient
assignment as ‘‘balanced’’ in terms of patient acuity when
MaxMinSPAIW is minimized.
2. Average Survey-Based Workload (AvgSBW): This is the average
survey-based (or perceived) workload per nurse for a given
nurse–patient assignment. Recall that, according to the
survey-based workload model deﬁned in Section 2.2, the same
patient might result in a very different workload proﬁles for dif-
ferent nurses. Therefore, it is possible that AvgSBW changes sig-
niﬁcantly from one nurse–patient assignment to another.
3. Difference between Max and Min Survey-Based Workloads
(MaxMinSBW): Similar to MaxMinSPAIW, this measure is equal
to the difference between the maximum and minimum
survey-based workload assigned to nurses. We refer to a
nurse–patient assignment as ‘‘balanced’’ in terms of perceived
workload when MaxMinSBW is minimized.
2.5. Nurse–patient assignment models
Similar to the model by Mullinax et al. [3], the nurse patient
assignment policy at the academic medical institution where this
study was conducted is based on the acuity metrics (e.g., patient
type or SPAIW). Therefore, we adopt their integer linear
programming model using acuity metrics from the AcuityPlus
PCS, speciﬁcally SPAIW, as a benchmark to compare with our
proposed nurse–patient assignment models.
The objective functions used in the four nurse–patient assign-
ment models formulated below are based on the performance
measures deﬁned in Section 2.4. Table 4 describes how these mod-
els differ with regards to performance measures considered.
2.5.1. Nurse–patient assignment model for balancing SPAIWs
We ﬁrst start with a basic nurse–patient assignment model clo-
sely related to formulation proposed by Mullinax et al. [3]. The
objective is to balance SPAIWs assigned to nurses (i.e., minimize
Table 4
Difference between nurse–patient assignment models with regards to performance
measures considered.
Balance Minimize Balance
Patient Acuity Perceived Workload Perceived Workload
Model I U
Model II U U
Model III U U U
Model IV U U
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resents the current state of practice. We ﬁrst deﬁne notation,
which is followed by the formulation.
Sets and indices:
 N is the set of all nurses, indexed by n.
 P is the set of all patients, indexed by p.
Parameters:
 l and u are the minimum andmaximum number of patients that
can be assigned to a nurse, respectively.
 ap is SPAIW of a patient p obtained from the PCS.
Decision variables:
 xnp ¼ 1; ifpatient is assigned to nurse n;0; otherwise:

 zmax is the maximum total SPAIW assigned to any nurse.
 zmin is the minimum total SPAIW assigned to any nurse.
The nurse–patient assignment problem for balancing total
SPAIWs assigned to nurses can be formulated as follows:
min zmax  zmin ð1Þ
s:t:
X
n2N
xnp ¼ 1; 8p 2 P ð2Þ
l 6
X
p2P
xnp 6 u; 8n 2 N ð3Þ
X
p2P
apxnp 6 zmax; 8n 2 N ð4Þ
X
p2P
apxnp P zmin; 8n 2 N ð5Þ
xnp 2 f0;1g; n 2 N ; p 2 P ð6Þ
zmax; zmin P 0 ð7Þ
In the formulation above, the objective function (1) ensures that
the difference between the worst-off and best-off nurse (in terms
of the total SPAIW assigned to them) is minimized (i.e.,
MaxMinSPAIW is minimized). This results in the most equitable
(i.e., balanced) assignment in terms of distributing overall SPAIW
for the entire patient census among nurses. The constraint set (2)
assures that each patient is assigned to exactly one nurse. The con-
straint set (3) limits the number of patients assigned to a nurse to
be at least l and at most u. The constraint sets (4) and (5) deﬁne
variables zmax and zmin, respectively. Finally, the constraint set (6)
ensures that assignment variables are binary and the constraint
set (7) restricts the minimum and maximum total SPAIW to be
nonnegative.
2.5.2. Nurse–patient assignment model for minimizing survey-based
workload with balanced SPAIWs
The previous formulation (1)–(7) minimizes the range between
maximum and minimum SPAIWs assigned to nurses. As discussed
earlier, SPAIW of a particular patient is ﬁxed (i.e., does not change
by assigning different nurses to that patient); therefore, the totalSPAIW of the entire patient census cannot be inﬂuenced through
assignment. On the other hand, since how a nurse perceives the
impact of a patient acuity indicator on their workload is subjective,
it may be possible to reduce the overall ‘‘perceived’’ workload by
assigning the ‘‘right’’ patient to the ‘‘right’’ nurse. Below, we
describe a new assignment model, which minimizes the mean
survey-based workload per nurse (i.e., AvgSBW) while ensuring
that SPAIWs assigned to nurses are balanced with respect to the
optimal solution obtained from solving the previous assignment
model (1)–(7). The formulation for the new model is given below
following the deﬁnition of additional notation.
Additional sets and parameters:
 I is the set of acuity indicators, indexed by i.
 api ¼
1; if patient p isclassifiedas
having patient acuity indicator i;
0; otherwise:
8<
:
 r is the optimal solution of problem (1)–(7) representing the
range between the worst-off and best-off nurse (in terms of
the total SPAIW assigned to them).
 wni is the survey-based workload score for nurse n and indicator
i (see Section 2.2).
The nurse–patient assignment model for minimizing AvgSBW
with balanced SPAIWs is formulated as follows:min
1
jN j
X
p2P
X
i2I
X
n2N
wniapixnp ð8Þ
s:t:
X
n2N
xnp ¼ 1; 8p 2 P ð9Þ
l 6
X
p2P
xnp 6 u; 8n 2 N ð10Þ
X
p2P
apxnp 6 zmax; 8n 2 N ð11Þ
X
p2P
apxnp P zmin; 8n 2 N ð12Þ
zmax  zmin 6 r ð13Þ
xnp 2 f0;1g; n 2 N ; p 2 P ð14Þ
zmax; zmin P 0 ð15Þ
In the formulation above, the objective function (8) minimizes
AvgSBW. The constraints are identical to those in problem (1)–
(7), except that the constraint (13) ensures that the assignment
distributes total SPAIW among nurses in the most equitable (i.e.,
balanced) way. One can simply choose to neglect constraint (13)
and only minimize AvgSBW. From a managerial point of view, this
may not be ideal since the survey-based workload for a given
patient changes from nurse to nurse. Therefore, balancing
SPAIWs (which are objective, i.e., does not change by assigning dif-
ferent nurses to the same patient) while minimizing AvgSBW con-
stitutes a reasonable alternative.2.5.3. Multi-objective nurse–patient assignment model for
simultaneously balancing and minimizing survey-based workload
with balanced SPAIWs
In this section, we develop a multi-objective nurse–patient
assignment model that simultaneously balances the survey-based
workload of nurses (i.e., minimizes MaxMinSBW) and minimizes
AvgSBW. As was in the previous models, this model ensures that
SPAIWs are balanced with respect to the optimal solution obtained
from solving the assignment model (1)–(7). While we use the same
notation and variables as previous models, we replace zmax and zmin
with the following variables:
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any nurse.
 ymin is the minimum total survey-based workload assigned to
any nurse.
The multi-objective nurse–patient assignment problem for
simultaneously minimizing MaxMinSBW and AvgSBW can be for-
mulated as follows:min ymax  ymin ð16Þ
min
1
jN j
X
p2P
X
i2I
X
n2N
wniapixnp ð17Þ
s:t:
X
n2N
xnp ¼ 1; 8p 2 P ð18Þ
l 6
X
p2P
xnp 6 u; 8n 2 N ð19Þ
X
p2P
X
i2I
wniapixnp 6 ymax; 8n 2 N ð20Þ
X
p2P
X
i2I
wniapixnp P ymin; 8n 2 N ð21Þ
X
p2P
apxnp 6 zmax; 8n 2 N ð22Þ
X
p2P
apxnp P zmin; 8n 2 N ð23Þ
zmax  zmin 6 r ð24Þ
xnp 2 f0;1g; n 2 N ;p 2 P ð25Þ
zmax; zmin P 0 ð26Þ
ymax; ymin P 0 ð27Þ
In the formulation above, the objective function (16) ensures
that the difference between the worst-off and best-off nurses (in
terms of the total survey-based workload assigned to them) is min-
imized (i.e., MaxMinSBW is minimized). The other objectiveTable 5
Experience distribution of nurses who responded to the survey.
Years Percentage of nurses (%)
1–5 66.67
6–10 4.44
11–15 6.67
16–20 2.22
21–25 15.56
26– 4.44
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Fig. 4. Average survey scores for each patient acuity indicators. The numfunction (17) minimizes AvgSBW. The constraints are identical to
those in problem (8)–(15), except that the constraint sets (20),
(21), and (27) deﬁne variables ymax and ymin.2.5.4. Multi-objective nurse–patient assignment model for
simultaneously balancing and minimizing survey-based workload
The last model is identical to the one in (16)–(27), with the dif-
ference that the constraint sets (22), (23), and (24) are removed.
This means that balancing SPAIWs assigned nurses is not taken
into account in this model. This results in a larger feasible set of
possible nurse–patient assignments, and therefore it becomes pos-
sible to further reduce AvgSBW and ﬁnd a more balanced
survey-based workload distribution. The formulation is given as
follows:
min ymax  ymin ð28Þ
min
1
jN j
X
p2P
X
i2I
X
n2N
wniapixnp ð29Þ
s:t:
X
n2N
xnp ¼ 1; 8p 2 P ð30Þ
l 6
X
p2P
xnp 6 u; 8n 2 N ð31Þ
X
p2P
X
i2I
wniapixnp 6 ymax; 8n 2 N ð32Þ
X
p2P
X
i2I
wniapixnp P ymin; 8n 2 N ð33Þ
xnp 2 f0;1g; n 2 N ;p 2 P ð34Þ
ymax; ymin P 0 ð35Þ2.5.5. Design of numerical experiments
Using nursing survey and AcuityPlus data obtained from the
oncology and surgery nursing units at an academic medical institu-
tion in the Midwestern US, we present numerical results to show
that the nurse–patient assignment models described in
Section 2.5 achieve balanced assignment while effectively reducing
survey-based workload.
We optimize 200 randomly generated nurse-assignment prob-
lems (100 for the oncology unit and 100 for the surgery unit) to
compare the performance of various nurse–patient assignment
models described in Section 2.5. In the each experiment, 30
patients are randomly selected either from 2865 or 3241 patients
from the oncology and surgery nursing units, respectively. The
number of patients used in the experiments (i.e., 30) are close to
the average number of admitted patients per day for the two nurs-
ing units. Moreover, in each experiment, 5 nurses are randomly14 15 16 17 18 19 20 21 22 23 24 25 26
 Indicator Index
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bers on the x-axis are the indices of the patient acuity indicators.
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the survey from the oncology and surgery nursing units,
respectively.
The nurse–patient assignment models, listed in Table 4, are
implemented using Python (version 2.7) [33] and solved by the
Gurobi solver [34]. Running time for most experiments is only a
few minutes on a personal computer with an Intel Core i7
(2.80 GHz) processor and 4 GB RAM.
We use a weighted-sum approach described in Lin et al. [35] to
solve multi-objective Models III and IV. More speciﬁcally, we com-
bine the two objectives (minimize AvgSBW and minimize
MaxMinSBW) in these models into a single objective using positive
weights that sum up to one. Among the solutions generated by
changing the objective weights, we choose the one, which has
the smallest sum of normalized values of the two objectives.
To compare various nurse–patient assignment models
described above, we use ANOVA to check if there is a statistically
signiﬁcant difference between mean values of various performance
measures in different nurse–patient assignment models. Next, we
use Tukey’s Honestly Signiﬁcant Differences (HSD) test to deter-
mine for which pair of models, these mean values are statistically
different. We provide box plots to graphically verify the results of
these statistical analyses.Ta
bl
e
6
Ba
si
c
st
at
is
ti
cs
of
su
rv
ey
sc
or
es
fo
r
ea
ch
pa
ti
en
t
ac
ui
ty
in
di
ca
to
r.
St
at
is
ti
cs
Pa
ti
en
t
ac
u
it
y
in
di
ca
to
rs
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
O
nc
ol
og
y
M
ea
n
2.
26
3.
43
5.
39
4.
17
4.
83
5.
65
4.
17
4.
39
4.
22
5.
04
4.
17
5.
35
4.
35
2.
91
4.
09
5.
17
5.
78
St
d
1.
01
0.
99
0.
66
1.
07
0.
78
0.
57
0.
98
0.
89
0.
74
0.
82
1.
03
1.
11
0.
83
1.
12
1.
08
0.
83
0.
52
R
an
ge
4
3
2
5
3
2
4
3
2
3
4
5
3
4
4
3
2
M
in
1
2
4
1
3
4
2
3
3
3
2
1
3
1
2
3
4
M
ax
5
5
6
6
6
6
6
6
5
6
6
6
6
5
6
6
6
Su
rg
er
y
M
ea
n
2.
08
3.
69
5.
38
4.
54
4.
31
5.
54
4.
00
4.
31
4.
38
5.
15
4.
54
5.
46
4.
08
3.
08
4.
54
5.
46
5.
77
St
d
0.
86
0.
63
0.
77
1.
13
0.
95
0.
78
1.
15
1.
32
1.
04
0.
69
0.
78
0.
78
1.
32
1.
26
1.
05
0.
88
0.
83
R
an
ge
2
2
2
3
3
2
4
4
4
2
3
2
4
4
3
3
3
M
in
1
3
4
3
3
4
2
2
2
4
3
4
2
1
3
3
3
M
ax
3
5
6
6
6
6
6
6
6
6
6
6
6
5
6
6
63. Results
3.1. Descriptive statistics for survey
All respondents to the survey were registered nurses and a sig-
niﬁcant majority (80.56%) were female. The experience distribu-
tion of the nurses is given in Table 5, which shows that about
two thirds of the respondents have less than ﬁve years of experi-
ence. The mean age of nurses across the two units is approximately
39 years.
Fig. 4 shows average survey scores (i.e., the average of the
weights of the six-point Likert scale selected by nurses in the sur-
vey) for each of the patient acuity indicators. Table 6 lists the
mean, standard deviation, range, minimum, and maximum survey
scores in the two nursing units for each patient acuity indicator. As
indicated by relatively large standard deviations and range values,
the perceived impact of different patient acuity indicators on
workload can be quite different between individual nurses. These
signiﬁcant differences are also apparent in box plots of survey
scores for each acuity indicator shown Fig. 5. These results implies
that two patients having exactly the same classiﬁcation by PCS
might result in very different perceived workload for an individual
nurse. Therefore, using an individualized nurse workload measure
can help to make better assignment decisions.
3.2. Survey validation
Fig. 6 show that AcuityPlus patient type and average
survey-based workload have a positively correlated linear relation.
Simple linear regression analysis also conﬁrms that there exist a
statistically signiﬁcant linear relationship between the AcuityPlus
patient type and mean survey-based workload (P-value = 0.001
for the oncology nursing and P-value = 0.003 for the surgery nurs-
ing unit). These analyses indicate that the proposed survey-based
workload is able to predict the AcuityPlus patient type, which is
a well-documented and validated acuity metric.
3.3. Numerical experiments
The design of numerical experiments is described in
Section 2.5.5. Through these experiments, we compare the
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Fig. 5. Box plots of survey scores in the two nursing units for each patient acuity indicator.
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Fig. 6. The relationship between average survey-based workload and patient type
acuity metric from AcuityPlus. There is only one patient (among 6106 patients) in
the AcuityPlus dataset who has a patient type of 6; this patient is not included in
this analysis.
Table 7
Summary statistics for AvgSBW by model and nursing unit.
Oncology Surgery
Mean Std. dev. Mean Std. dev.
Model I 80.9 6.6 86.1 6.8
Model II 76.6 6.0 82.6 6.5
Model III 77.7 6.1 83.3 6.5
Model IV 74.7 5.9 79.3 6.6
Table 8
Summary statistics for MaxMinSBW by model and nursing unit.
Oncology Surgery
Mean Std. dev. Mean Std. dev.
Model I 39.8 13.0 53.6 15.2
Model II 32.8 11.8 41.3 11.4
Model III 10.4 7.2 27.2 10.5
Model IV 2.7 1.9 3.5 1.9
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in Section 2.5 in terms performance measures MaxMinSPAIW,
AvgSBW, and MaxMinSBW. Recall that Models I–III ensure that
MaxMinSPAIW is at the lowest possible level. In other words, in
these models, the difference between the worst-off and best-off
nurse (in terms of the total SPAIW assigned to them) is minimized.
This results in the most equitable (i.e., balanced) assignment in
terms of distributing SPAIW among nurses. In Model IV, on the0
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Fig. 7. Model IV vs. other models in terms of balancing SPAIWs. The histograms sh
MaxMinSPAIW level in other models. Recall that in Models I–III, MaxMinSPAIW is optimother hand, the distribution of SPAIW among nurses is not taken
into account. Fig. 7 shows the histograms of how much
MaxMinSPAIW increase in Model IV with respect to the optimal
MaxMinSPAIW level in other models. As can be seen in the ﬁgure,0
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ow how much MaxMinSPAIW increase in Model IV with respect to the optimal
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Table 9
P-Values from ANOVA analyses comparing AvgSBW and MaxMinSBW of the four
nurse–patient assignment models described in Section 2.5. A small P-value (typically
6 0:05) implies that there is a statistically signiﬁcant difference between the mean
values of the corresponding measure. Such P-values are marked with a ‘*’.
Oncology Surgery
AvgSBW 6:666 1011⁄ 4:845 1011⁄
MaxMinSBW 2:2 1016⁄ 2:2 1016⁄
Table 10
Result of the Tukey’s Honestly Signiﬁcant Differences test for pairwise comparison of
AvgSBW for the four assignment models with a ¼ 0:05. The difference in the mean
AvgSBW for the models under the same group is not statistically signiﬁcant.
Models Means Groups
Oncology nursing unit
Model I 80.9 A
Model II 76.3 B, C
Model III 77.7 B
Models IV 74.7 C
Surgery nursing unit
Model I 86.1 A
Model II 82.6 B
Model III 83.3 B
Model IV 79.3 C
Table 11
Result of the Tukey’s Honestly Signiﬁcant Differences test for pairwise comparison of
MaxMinSBW for the four assignment models with a ¼ 0:05. The difference in the
mean MaxMinSBW for the models under the same group is not statistically
signiﬁcant.
Models Means Groups
Oncology nursing unit
Model I 39.8 A
Model II 32.8 B
Model III 10.4 C
Models IV 2.7 D
Surgery nursing unit
Model I 53.6 A
Model II 41.3 B
Model III 27.2 C
Model IV 3.5 D
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Fig. 8. Comparison of models with respect to AvgSBW. Each
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terms of distribution of SPAIW, which is a population-based acuity
metric. In the analysis below, we show that removal of the con-
straint that ensures MaxMinSPAIW is at the optimal level in
Model IV results in better performance in terms of survey-based
workload measures (i.e., AvgSBW and MaxMinSBW).
Tables 7 and 8 list summary statistics for AvgSBW and
MaxMinSBW performance measures by model and nursing unit,
respectively. Mean values of both measures are lower for Models
II–IV compared to Model I. This is expected since Model I, adopted
from Mullinax et al. [3], does not take survey-based workload into
account and is based on population-based acuity metrics.
Therefore, it serves as a baseline model.
Table 9 gives P-values from the ANOVA analyses comparing
AvgSBW and MaxMinSBW of the four nurse–patient assignment
models. According to the results, the mean values of both
AvgSBW and MaxMinSBW in both nursing units are statistically
different between different models.
Table 10 gives the Tukey’s HSD test results with a ¼ 0:05 for
AvgSBW. For the oncology nursing unit, Model I, Model III and
Model IV are in different groups, indicating that their AvgSBW
mean values are statistically different. The mean value of
AvgSBW in Model II is in between those in Model III and Model
IV. For the surgery nursing unit, Model I, Models II and III, and
Model IV form different groups.
Table 11 gives the Tukey’s HSD test results for MaxMinSBW.
The difference between models in terms of MaxMinSBW is more
apparent compared to AvgSBW. All models for both nursing units
fall into different groups, indicating that the mean values of
MaxMinSBW are statistically different for all models.
Having established that the nurse–patient assignment models
are statistically different in terms of the mean values of AvgSBW
and MaxMinSBW, we conduct further analysis to determine how
the models compare with each other directionally with respect
to these performance measures. Fig. 8(a) and (b) and are box plots
of AvgSBW resulting from all experiments for the oncology and
surgery nursing units, respectively. For both nursing units, Model
I has the largest AvgSBW values and while Model IV has the small-
est AvgSBW values. While MaxMinSPAIW is set at its optimal level
in Models I–III, AvgSBW level is substantially lower in Models II
and III. This implies that survey-based workload can be reduced
without affecting the balanced distribution of SPAIW amongM
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ﬁgure is a box plot of AvgSBW from 100 experiments.
●●● ●
●
M
od
el
 I
M
od
el
 II
M
od
el
 II
I
M
od
el
 IV
0 20 40 60 80
MaxMinSBW
N
ur
se
−P
at
ie
nt
 A
ss
ig
nm
en
t M
od
el
s
(a) Oncology nursing unit
●
●
M
od
el
 I
M
od
el
 II
M
od
el
 II
I
M
od
el
 IV
0 20 40 60 80
MaxMinSBW
N
ur
se
−P
at
ie
nt
 A
ss
ig
nm
en
t M
od
el
s
(b) Surgery nursing unit
Fig. 9. Comparison of models with respect to MaxMinSBW. Each ﬁgure is a box plot of MaxMinSBW from 100 experiments.
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Fig. 10. Multi-objective comparison of Models III and IV with respect to AvgSBW and MaxMinSBW.
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removing the constraint that sets MaxMinSPAIW at the optimal
level as in Model IV (see box plots corresponding to Model IV in
Fig. 8). As discussed above, this results in unbalanced nurse–pa-
tient assignments in terms of distribution of SPAIW, which is a
population-based acuity metric (see Fig. 7).
While reducing the overall survey-based workload (i.e., mini-
mizing AvgSBW) is important, an equally (if not more) important
criterion is balancing the survey-based workload of nurses (i.e.,
minimizing MaxMinSBW). Fig. 9(a) and (b) are box plots of
MaxMinSBW resulting from all experiments for the oncology and
surgery nursing units, respectively. As can be seen in the ﬁgures,
the difference between models with respect to MaxMinSBW per-
formance measure is very apparent. Model III and IV are
multi-objective models that simultaneously balance the
survey-based workload of nurses (i.e., minimizes MaxMinSBW)
and reduce the overall survey-based workload (i.e., minimizes
AvgSBW). Therefore, there is a large difference between the loca-
tion and range of MaxMinSBW box plots for these models com-
pared to those for Models I and II, which do not take
MaxMinSBW into account. Comparison of Models II and III in terms
of resulting AvgSBW and MaxMinSBW values provides insightsinto the rationale of using a multi-objective model. While box plots
in Fig. 8 shows that Model III gives slightly higher values of
AvgSBW compared to Model II, it, in return, results in a substantial
reduction in MaxMinSBW values as can be seen in Fig. 9.
Models III and IV are identical except that Model III includes a
constraint that sets MaxMinSPAIW at the optimal level. Removal
of this constraint in Model IV results in a larger feasible region and
therefore shifts the Pareto-optimal frontier with respect to perfor-
mance measure AvgSBW (lower is better) and MaxMinSBW (lower
is better) towards lower left corner as shown in Fig. 10. In fact, with
respect to AvgSBW and MaxMinSBW, Model IV strictly dominates
Model III (i.e., Model IV gives strictly lower values for both
AvgSBW and MaxMinSBW than Model III) in 88% and 100% of the
experiments in Oncology and Surgery nursing units, respectively.4. Discussion and conclusion
We develop several nurse–patient assignment (NPA) models to
achieve a balanced assignment in terms of population-based
acuity metrics and reduce overall survey-based perceived
workload. We describe three main performance measures,
M.Y. Sir et al. / Journal of Biomedical Informatics 55 (2015) 237–248 247namely MaxMinSPAIW, AvgSBW, and MaxMinSBW, which are
used to evaluate the quality of a nurse–patient assignment.
MaxMinSPAIW is based on SPAIW, which is population-based acu-
ity metric deﬁned in the commercial AcuityPlus PCS. AvgSBW and
MaxMinSBW are based on our proposed survey-based nurse work-
load model described in Section 2.2. Our workload model is indi-
vidualized for each nurse given their responses to the survey
questions, which ask how they perceive each patient acuity indica-
tor to impact their workload. The workload of an individual nurse
is calculated by simply adding the scores from the survey for each
acuity indicator that the patients assigned to that nurse have.
Four nurse–patient assignment models, listed in Table 4, are
proposed by considering different combinations of performance
measures MaxMinSPAIW, AvgSBW, and MaxMinSBW in the
objectives and constraints. AvgSBW is used to minimize overall
survey-based workload assigned to all nurses, while
MaxMinSPAIW and MaxMinSBW are used to balance the nurse–
patient assignment in terms of SPAIW and survey-based workload
distributed among nurses. Model I is adopted from Mullinax et al.
[3], which only considers balancing SPAIWs assigned to nurses (i.e.,
minimize MaxMinSPAIW). Since this model does not consider how
much nurses perceive a particular patient acuity indicator
increases their workload, we incorporate AvgSBW into Model II.
In addition, we incorporate MaxMinSBW as a second objective
function in multi-objective Models III and IV. While Models I–III
ensure that the difference between the worst-off and best-off
nurse in terms of the total SPAIW assigned to them is minimized
(i.e., MaxMinSPAIW is at the lowest possible level), in Model IV,
the distribution of SPAIW among nurses is not taken into account.
Numerical results show that the proposed nurse–patient
assignment model can help improving nurses’ work conditions
and retain them in nursing by reducing and balancing their work-
load. According to statistical analysis in Section 3, it is possible to
reduce the overall survey-based workload (upwards of ﬁve per-
cent) and balance its distribution among nurses while keeping
MaxMinSPAIW at its lowest possible level (Models II and III vs.
Model I). AvgSBW and MaxMinSBW can be further reduced by
not taking MaxMinSPAIW into account (Model III vs. Model IV).
This, however, results in unbalanced nurse–patient assignments
in terms of distributing SPAIW among nurses, which is a
population-based acuity metric. Incorporating both individualized
(in this paper, based on a survey of nurses) and population-based
(in this paper, based on patient acuity metrics from a commercial
PCS) workload models is important for nurse–patient assignment
and therefore future work will focus on modiﬁcation of Model III
by relaxing the constraint on population-based MaxMinSPAIW by
using a multiple of its optimal level.
We envision that a clinical application for the suggested models
has the following components:
 Conduct periodic surveys for determining nurses’ perceptions of the
impact of various patient acuity indicators on their workload.
These surveys should be conducted periodically (e.g., monthly)
over a certain time period (e.g., six months) to establish an accu-
rate model of perceived workload for a each individual nurse.
 Run an appropriate nurse–patient assignment model from Table 4
for the current patient census at the beginning of each shift. This
will ensure that nurses start their shift with an assignment that
is both balanced and optimized for each individual nurse.
 Dynamically assign incoming patients. Based on the characteris-
tics of an incoming patient (i.e., his/her acuity indicators), who
arrives intra-shift, and current assignment of patients to nurses,
calculate how various performance measures described in
Section 2.4 change if this patient is assigned to different nurses.
Assign the patient to a nurse, which results in the most favor-
able change in the performance measures.Future work will also focus on more comprehensive and realis-
tic workload models. In particular, we will develop statistical mod-
els to predict types and frequencies of nursing activities from
patient acuity indicator data and assess predictive power of patient
acuity indicators in explaining the amount of nursing activity.
These predictive models will then be used to improve nurse work-
load models and nurse–patient assignment process. In addition, we
will consider other human factors methods to improve the nurse
workload models. For example, link analysis can provide important
information about the motion of nurses between different loca-
tions in a nursing unit, since the demands that comprise nurse
workload do not only include caring for patients, but are also based
on non-patient care tasks and aspects of the physical and psy-
chosocial environment. Methods such as cognitive pathway analy-
sis can also be used to determine the impact of cognitive shifts and
incorporate them into workload models.
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Appendix A. Nursing survey for identifying the associations
between various patient acuity indicators and perceived
workload
The purpose of this survey is to gather information to under-
stand nurses’ perceptions on the impact of various patient acuity
indicators identiﬁed in the QuadraMed AcuityPlus patient classiﬁ-
cation system to classify patients on nurses’ workload.
Participating in this survey is completely voluntary. All of your
responses are completely anonymous and will be viewed only by
the research team. The entire survey should require approximately
10 min to complete. For the sake of the study, please give honest
responses. Thank you in advance for participating.Thank you very much for completing this survey!.
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